Abstract: Over time, chronic small-scale disturbances within forests should create distinct stand structures and spatial patterns. We tested this hypothesis by measuring the structure and spatial arrangement of gaps and canopy patches. We used airborne LiDAR data from 100 sites (cumulative 11.2 km 2 ) in the Pacific Northwest, USA, across a 643 year chronosequence to measure canopy structure, patch and gap diversity, and scales of variance. We used airborne LiDAR's ability to identify strata in canopy surface height to distinguish patch spatial structures as homogeneous canopy structure, matrixpatch structures, or patch mosaics. We identified six distinct stand structure classes that were associated with the canopy closure, competitive exclusion, maturation, and three patch mosaics stages of late seral forest development. Structural variance peaked in all classes at the tree-to-tree and tree-to-gap scales (10-15 m), but many sites maintained high variance at scales >30 m and up to 200 m, emphasizing the high patch-to-patch heterogeneity. The time required to develop complex patch and gap structures was highly variable and was likely linked to individual site circumstances. The high variance at larger scales appears to be an emergent property that is not a simple propagation of processes observed at smaller spatial scales.
Introduction
The theory of patch dynamics has been one of the most influential concepts in vegetation ecology. Watt (1947) recognized that small-scale disturbances of the dominant vegetation would result in the creation of gaps leading to mosaics of plant communities. Following disturbance, gaps begin as distinct, high-contrast canopy structures that over time become more structurally similar to the surrounding canopy structure as trees colonize the gap from below or encroach the gap from the adjacent canopy. Disturbances, either mortality of canopy trees or abrupt canopy dieback, release resources that become available to sub-canopy trees or to those canopy trees adjacent to the disturbance. In forests, gaps are recognized as sites of regeneration in which new cohorts of trees emerge into the forest overstory (Connell 1989) .
Researchers have shown that gap formation is a continuous process. Runkle (1982) found that new gaps annually represented 0.5%-2% of his study areas in temperate old-growth forests in seven dispersed locations in the eastern United States. Runkle (1982) identified a lognormal frequency distribution of gap sizes as evidence of chronic small-scale disturbances rather than periodic large-scale disturbances. Similar results have been observed in hemlock-hardwood forests of upper Michigan State, USA (Frelich and Lorimer 1991) , southern boreal forests in Minnesota (Frelich and Reich 1995) , conifer forests of the Pacific Northwest (Spies et al. 1990 ; Lertzman et al. 1996) , hardwood forests in New England (Fraver et al. 2009 ), mixed-wood boreal forests (Vepakomma et al. 2010) , and Nothofagus forests of South America (Rebertus and Veblen 1993) . These studies demonstrate the importance of frequent, small-scale disturbances in creating structure in forests that lack periodic stand-replacing disturbances such as fire or hurricanes.
The mechanisms of gap development involve both biological and physical disturbance agents. Root, butt, and stem decay fungi and insects such as bark beetles are common biological disturbance agents in the Pacific Northwest . Studies in both young forests (15-40 years) and old forests (>200 years) show that gap formation can also involve physical disturbance agents such as wind operating at multiple spatial scales (Lutz and Halpern 2006; Larson and Franklin 2010) .
Over time, gap formation and subsequent regrowth within a stand should approach the quasi-equilibrium landscape of successional stages suggested by several authors (Bormann and Likens 1979; Shugart 1984) and predicted by modeling (Smith and Urban 1988) . The state of any given location would be difficult to predict because disturbances are stochastic, but the mean successional direction of a stand would be predictable (Smith and Urban 1988 ). An empirical test of this theory could be accomplished by an analysis of gap and patch structure in stands of multiple developmental stages with replicated study sites. Patches would be the basic spatial unit representing areas of similar structure, while stands would be emergent structures composed of one or more patches. (An emergent property is a complex pattern that develops from simpler processes.) A low-complexity stand might have a single to a few large patches, while a high-complexity stand might have a fine-scale mosaic of many patch types.
Although the mechanisms and rates of gap formation are well understood, the spatial patterns of gaps mostly have received qualitative assessments. Frelich and Reich (1995) interpreted patch structure based on subjective descriptions of spatial structure patterns (their fig. 2 ). Similarly, small-scale horizontal heterogeneity is recognized as a defining characteristic of old-growth stands Spies 1997; Franklin et al. 2002; Franklin and Van Pelt 2004) , but the distribution, size, and variation of gaps have not been quantified.
The lack of quantitative studies of gap and patch spatial patterns is unfortunate. The spatial arrangement of the patches has important consequences for numerous ecosystem functions including provision of habitat for biota, productivity, and regulation of nutrient and water cycles that in turn influences ecosystem resilience because patches of different structure and composition vary in response to disturbance agents (Carey et al. 1999; Jentsch et al. 2002) . The spatial scales of gaps and patches also relate to scales of processes governing stand development and ecosystem function (McIntire and Fajardo 2009) .
In this study, we mapped the spatial arrangement of gaps and patches as well as the canopy height within gaps to address the question of how the processes of patch dynamics cumulatively structure forest stands. Data from airborne Li-DAR provided both the resolution and the wide coverage needed to study gap and patch structure within stands across multiple replicates. While field studies identify gaps and patches from the ground and use the size and location of tree stems to infer past disturbance and regrowth patterns, Li-DAR studies identify gaps and patches from above using the arrangement of canopy structure to infer past disturbance and regrowth patterns. We used LiDAR data from 100 sites (cumulative area of 11.21 km 2 ) in the Pacific Northwest, USA, across a 643 year chronosequence to address three questions: what was the range of stand structure, as measured by canopy structure, present across the study sites and could they be classified into distinct structural classes, how were gaps and patches arranged within stands, and what do these results suggest about the patch dynamics processes structuring forests?
Methods

Study area
The 36 679 ha Cedar River Municipal Watershed is located on the western slope of the Cascade Range in Washington State, USA, approximately 60 km southeast of the city of Seattle (Fig. 1) . The majority of the watershed's forests (84%) are second-growth forest <100 years old that regenerated naturally (1920s and earlier) or were replanted following harvest (post 1920s) (Erckmann et al. 2000) . Sixteen percent of the watershed, primarily at mid-to high elevations, consists of primary forests that are 280-350 years old and appear to have regenerated following widespread stand-replacing fires (Hemstrom and Franklin 1982) . One sub-basin survived these disturbances and had a cohort of trees 680 years old.
The study area ranges in elevation from 165 to 1655 m and contains three conifer-dominated forests zones (Franklin and Dyrness 1988; Henderson et al. 1992) . Forests in the Western Hemlock Zone (<800 m) are initially dominated by Douglas-fir (Pseudotsuga menziesii var. menziesii (Mirbel) Franco) with western hemlock (Tsuga heterophylla (Raf.) Sarg.) and western redcedar (Thuja plicata Donn ex D. Don in Lambert) as either early or late seral components. Forests in the Pacific Silver Fir Zone (800-1200 m) are dominated by Pacific silver fir (Abies amabilis (Dougl. ex Loud.) Dougl. ex J. Forbes) and western hemlock. Forests in the Mountain Hemlock Zone (>1200 m) are dominated by mountain hemlock (Tsuga mertensiana (Bong.) Carrière) and Pacific silver fir. These zones are believed to follow similar sequences of structural development following stand-replacing disturbance. However, the rate at which stands progress through developmental stages is believed to slow with elevation (Franklin and Dyrness 1988; Franklin and Spies 1991; Parish and Antos 2006) .
Study sites
We selected forty-eight 9 ha sites (300 m × 300 m) within primary forests (no prior timber harvest) and forty-seven 9 ha sites within secondary forests to examine within-stand patch structure (Fig. 2) . We also selected three 64 ha sites (800 m × 800 m) within primary forests and two 64 ha sites within secondary forests to study variance in patch structure at larger scales. With overlap between the 9 and 64 ha study sites, the cumulative area of study was 11.21 km 2 . We used management records, LiDAR metrics, and aerial photographs to select study sites representing a wide range of ages and structural conditions. The number and size of study sites were limited by forest fragmentation caused by harvest history and geomorphology. Study sites were subjectively selected using the following criteria: time since last harvest ≥35 years, the area within secondary sites had to have established within a 5 year period (determined from management records) with no subsequent thinning operations, and the stand did not cross harvest boundaries or major geological discontinuities.
We assigned ages at the time of the LiDAR acquisition to secondary sites based on management records. Age data were available from a limited number of tree cores for the primary sites. As a result, primary sites were assigned to a 220-350 year age range except for the two sites measured to be 680 years old. We relied on the results of two previous studies in this watershed to relate LiDAR measurements to patterns of forest development and forest zone using data from a separate set of 94 permanent sample plots (Kane et al. 2010a (Kane et al. , 2010b .
LiDAR data processing
LiDAR data were collected by Spectrum Mapping, LLC using their DATIS II system during leaf-off conditions over the winter of [2002] [2003] . Pulse (first-return) point density ranged from 0.4 to 2.7·m -2 with a mean of approximately 1·m -2 . To ensure that the considerable variation in multiplereturn proportions across the watershed did not affect the results, we used only the three-dimensional position of the first-return LiDAR data (Kane et al. 2010b) .
LiDAR processing was identical to that of Kane et al. (2010a) and is summarized here. LiDAR data were processed using the FUSION software package (beta version derived from version 2.64; http://forsys.cfr.washington.edu/fusion. html). A 3 m resolution digital terrain model (DTM) for the watershed was created from the LiDAR point cloud (Kane et al. 2010b ). Return heights above ground were used to calculate LiDAR metrics and canopy surface models (CSMs) and were calculated by subtracting the elevation of the underlying DTM from each first return.
CSMs were created for each study site using a 1.5 m grid cell and a 3 × 3 smoothing algorithm to study canopy structure at a fine grain. Smoothing prevented the rumple and wavelet analyses from being biased by small-scale variations in canopy structure and small areas with no LiDAR returns. A separate unsmoothed CSM was created using 3 m grid cells for the 9 ha study sites to identify canopy patches and gaps. The 3 m grid cell size was chosen so that almost all grid cells would have at least one LiDAR data point representing the canopy height. The few cells missing LiDAR returns were marked as "no data" and were not included in statistical processing. The height assigned to each grid cell in the two CSMs was the maximum return height within the grid cell.
We calculated LiDAR metrics for each 9 ha study area at a scale of 30 m (0.09 ha) chosen to approximate the scale of functional forest gaps (Urban et al. 1987) . The three LiDAR metrics 95th percentile height, canopy closure, and rumple were selected because they strongly correlate with changes in stand structure as measured with common field metrics (Kane et al. 2010a ). These metrics were calculated for the one hundred 30 m grid cells within each 9 ha study site. Each site was assigned the mean and standard deviation of these metrics.
The 95th percentile height metric was calculated from the point cloud for each 30 m × 30 m grid cell using all first-return heights in the grid cell. Canopy closure was calculated as the proportion of first returns >3 m in height divided by the total number of first returns and measured the proportion of area in which foliage, branches, and stems blocked the ground or low-growing vegetation from the LiDAR instrument. Rumple (canopy rugosity) measured the structural heterogeneity of the canopy surface and correlated with gap and patch structure, disturbance, and regrowth history (Birnbaum 2001; Ishii et al. 2004) . Rumple was computed as the surface area of the 1.5 m CSM divided by the surface area of the underlying DTM.
Classes of stand structure
To identify patterns of stand structure among our study sites, we classified the ninety-five 9 ha sites based on the mean and standard deviation of the 95th percentile height, canopy closure, and rumple across each study site. Four to eight stand development stages with characteristic forest structures have been identified using commonly developed forest development models for this region . We examined classifications using 4-12 classes to account for the possibility that LiDAR might enable identification of additional statistically distinct classes. We used hierarchical clustering to classify plot sites. Hierarchical clustering groups the most similar observations in a hierarchical fashion (Legendre and Legendre 1998) . We used Euclidean distances and Ward's linkage method with the "hclust" function of the R statistical package (release 2.6.1) (R Development Core Team 2007) for this analysis. We used principal components analysis (PCA) to examine relationships between sites and classes using the "prcomp" function of the R statistical package (release 2.6.1) (R Development Core Team 2007).
We further analyzed stand structure by the mixture of canopy structures present within the 9 ha sites. In previous work (Kane et al. 2010a (Kane et al. , 2010b , we had defined structural classes for forest canopies at the 30 m scale. We assigned each of the one hundred 30 m grid cells within the 9 ha study sites to one of these classes identified in Kane et al. (2010b) using the Random Forest algorithm (Breiman 2001; Falkowski et al. 2009 ) in the yaImpute R statistical package (release 1.0) (Crookston and Finley 2008) using 500 classification trees.
Spatial assessment of gap and patch arrangement: landscape analysis
We analyzed the patch structure of our study sites to understand the composition and fragmentation of stands in terms of homogenous, matrix-patch, or patch mosaic landscapes (Wiens 1995) . We assigned each 3 m × 3 m canopy surface grid cell to upper, middle, or lower canopy strata. Canopy surface grid cells <3 m in height were treated as a special case of canopy strata and identified as gaps. Patches and gaps were identified as contiguous grid cells in the same strata. The minimum size for a patch or gap was a single 3 m × 3 m canopy grid cell. Because a small amount of foliage from higher strata might be present in the 9 m 2 grid cell, this could lead to underreporting of the true area of gaps and lower strata.
Foliage in the upper third canopy layer was presumed to represent the original tree cohort, while heights <3 m were assumed to represent a true gap. Foliage in the lower and middle third canopy layers was presumed to represent regrowth of different tree height, following partial disturbance, which is consistent with gap models and common stand development patterns. Distinguishing lower and middle canopy height layers allowed us to separate gap formation processes on a temporal scale.
We calculated the total area of each patch class, mean patch size in each of the four height layers, and the interspersion and juxtaposition index (IJI) metric using FRAGSTATS version 3.3 (McGarigal and Marks 1995) . Unlike the more commonly used contagion index that measures interspersion at the grid cell level, IJI measures interspersion at the patch level. Values for IJI decrease as patch classes become more clustered and increase as patch classes become more uniformly interspersed. We also calculated the minimum number of patches within each site required to represent 80% and 90% of the canopy surface area as a measure of the dominance of large patches within each site.
Spatial assessment of gap and patch arrangement: scales of variance
We measured the scales at which patch structure varied using wavelet analysis. Wavelet analysis (Fortin and Dale 2005) identifies scales of structural variance within each site ( Fig. 3 ) and has been used to study forest structure (Bradshaw and Spies 1992; Dale and Mah 1998; Brosofske et al. 1999; Keitt and Urban 2005; Kembel and Dale 2006) . Stationarity in the data is not assumed in wavelet analysis; hence, it can be used to measure changing scales of variance. Variance reported at each scale is the sum of variance for all positions of a moving window at that scale. We tested one-dimensional (Haar, French top hat, Mexican hat, and Morlet) and two-dimensional (tall top hat, short top hat, boater, and sombrero) wavelet functions. The Mexican hat function best captured scales of variance in test patterns and transects taken from the study sites with minimum scale drift. All two-dimensional patterns tested performed poorly at identifying scales of variance and several exhibited continuously increasing variance with scale and no peaks.
Based on our preliminary analysis, we sampled variance across study sites using the Mexican hat wavelet function. To minimize the impact of possible anisotropy, wavelet analysis was performed for three equally spaced horizontal and three equally spaced vertical transects in each site (Kembel and Dale 2006) using the smoothed 1.5 m CSMs. This resulted in placement of transects at 75, 150, and 225 m (rows and columns 50, 100, and 150) for each 9 ha study site. We then calculated and reported the mean variance for each scale from all six transects. Because the Mexican hat wavelet compares four adjacent windows of data at a time, the maximum scale that it can examine for variance is one quarter the length of a transect. For the 9 ha sites, this maximum was 75 m, and for the 64 ha sites, this maximum was 200 m. We based our primary analysis of spatial variance on results from the ninety-five 9 ha study sites and extrapolated larger scale trends from the five 64 ha study sites. Wavelet statistics were calculated with the PASSaGE 2 program (http://www.passagesoftware.net) (Rosenberg and Anderson 2011) .
Results
Classes of stand structure
We used the results of the hierarchical cluster analysis to identify and interpret six classes of stand structure for the ninety-five 9 ha sites, which maintained statistical separation between classes (hierarchical cluster height >10) ( Fig. 4 ; Table 1). Structural classes from Kane et al. (2010b) were assigned to each of the one hundred 30 m grid cells within the 9 ha study sites with an out-of-bag error estimate (Breiman 2001 ) of 5.3%. One or two structural classes from Kane et al. (2010b) were found to dominate each 9 ha structural class identified in this present study (Fig. 5) . Class identification numbers were assigned to each 9 ha study site so that higher class numbers reflected conditions associated with greater structural complexity such as greater rumple, lower canopy closure, higher patch counts, and higher wavelet variance (Fig. 6 ). While class assignments were based only on LiDAR metrics, the LiDAR, landscape, and wavelet variance metrics were frequently correlated ( Table 2) .
The PCA using the mean and standard deviation of the three LiDAR metrics also differentiated among structural classes (Fig. 7) . Mean and standard deviation of rumple were associated with the first PCA axis (55.5% of variation). Mean 95th percentile height and canopy closure (mean and standard deviation) explained approximately equal variance and were associated with the second PCA axis (26.3% of variation). Standard deviation of 95th percentile height had the least explanatory power and was associated with the third PCA axis (18.2% of variation).
Structural classes were associated with age ranges and elevation (Fig. 8) . Younger secondary forest sites were predominately in classes 1-3 with older secondary sites predominately in either class 3 or 4. Primary forest sites were predominately in classes 4-6 with only four primary sites in class 2. Only class 3 had large numbers of both primary and secondary sites.
Relationships between secondary sites and elevation reflected the harvest history that progressed from lower to higher elevations over approximately 90 years. The youngest secondary sites (class 1) were found at higher elevations and the oldest secondary sites (classes 3 and 4) were found at the lower elevations. Primary forest sites, on the other hand, did not show a clear relationship between class and elevation. Class 5 primary sites could be statistically distinguished from class 4 and 6 sites based on elevation (P = 0.05), but classes 4 and 6 could not be distinguished.
Spatial assessment of gap and patch arrangement: landscape analysis
Sites in all structural classes were found to be composed of multiple patches identified through differences in canopy surface height (Fig. 9 ) with most gaps <100 m 2 . The relationship between the frequency and size of gaps followed a power law with exponent of -2.06 (R 2 = 0.98) (Fig. 10) . Patch count in the middle, lower third, and gap layers generally increased from class 2 (20.2 patches·ha -1 ) to class 6 (90.0 patches·ha -1 ) (Fig. 11) .
For classes 2-4, single patches on average accounted for >80% of the canopy (Fig. 6) ; for other classes, 2.4-4 patches on average were needed to cover the same area. To cover 90% of the site area, classes 2 and 3 required less than four patches on average, while classes 1, 3, and 5 required 33-48 patches and class 6 required 220 patches. Eighty-five percent of the sites had canopies where upper third canopy patches comprised more than half the canopy area. The remaining canopy area was dominated by middle third canopy patches, and lower third patches and gaps covered only a small percentage of the area. Only for class 6 did the combined area of lower canopy and gap patches constitute more than 10% of the site area.
Mean IJI was 20 for class 2 and 81 for class 6 and these two classes were statistically distinct from other classes and each other (Tukey HSD, P ≤ 0.05). IJI values for classes 1, 3, 4, and 5 averaged 58 and were not statistically distinct from one another.
Spatial assessment of gap and patch arrangement: scales of variance
Variance was greatest at all sites at the 10-15 m scales. (Fig. 12) . Variance then declined until scales of 20-30 m, after which variance typically either plateaued or showed a gradual decrease but less frequently showed a rapid decrease or gradual increase. These patterns were observed for scales of up to 75 m (9 ha plots) and for scales of up to 200 m (64 ha plots). Variance at scales >30 m in the 9 ha sites was highly correlated with variance at scales ≤30 m (R = 0.88) and was a substantial fraction of the variance at scales ≤30 m. In the 64 ha sites, variance had reached low levels in a primary and secondary site by 50 m and by 150 m at a second pair of primary and secondary sites. In the 680 year old site, variance remained high at all scales.
Discussion
Classes of stand structure
The physical structure of a forest has many components but is often described by the size and spatial distribution of trees and by the horizontal and vertical distribution of their foliage (Spies 1998; McElhinny et al. 2005) . These components often change as stands mature as do other aspects of forest structure and diversity that are directly or indirectly related to the size and spatial distribution of trees such as the abundance of coarse woody debris and dead trees and diversity of the understory Lindenmayer and Franklin 2002 Area (proportion) Fig. 5 . Structural composition of the 9 ha study sites used in this study. Kane et al. (2010b) defined structural classes for 0.09 ha sites within the study area used in this study, and the classes from Kane et al. (2010b) were assigned to each of the one hundred 30 m (0.09 ha) grid cells within each 9 ha study site. Distinguishing characteristics of the classes identified by Kane et al. (2010b) were (numbers in parentheses identify class numbers used in Kane et al. (2010b) ) pre-canopy closure (1 and 2) mean 95th percentile height ≤12.5 m and mean canopy closure ≤0.76, dense, low-complexity (3 and 4) mean rumple ≤1.8 and mean canopy closure ≥0.97, moderate-complexity (5 and 6) mean rumple 2.4-2.7 and canopy closure 0.87-0.93, and high-complexity (7 and 8) mean rumple ≥3.3 and canopy closure ≤0.86. Each 0.09 ha structural class reported here corresponded to two structural types in Kane et al. (2010b) that differed primarily in 95th percentile height.
or LiDAR measurement captures the state of a stand's structural development. Instead, studying patterns of development requires examining relative changes in suites of metrics, often using multivariate analyses Larson et al. 2008 ). For example, four field variables (mean diameter at breast height, standard deviation of diameter at breast height, tree density, and density of trees with diameter at breast height >100 cm) are strongly correlated with the structural stage in Pacific Northwest forests and can be used to estimate the degree to which a stand has progressed toward old-growth characteristics (Acker et al. 1998). Kane et al. (2010a) identified a suite of three LiDAR metrics, 95th percentile height, canopy density, and rumple, as having equivalent explanatory power and strong correlation with this suite of field metrics. We used these three LiDAR metrics to identify classes of forest structure both at the 0.09 ha (using Kane et al (2010b) classes) and the 9 ha (using classes identified in this study) scales. We found that the Kane et al. (2010b) canopy structural classes were not unique to any class identified at the 9 ha scale (Fig. 6) . Rather, the 9 ha classes were differentiated based on the proportion of Kane et al. (2010b) structural classes.
For the 9 ha study sites, rumple was the strongest differentiator among structural classes and canopy closure was the second strongest (Fig. 7) . Rumple values increase when trees are removed from the canopy through disturbance mortality, but values gradually decrease as gaps are filled, whether through regeneration or from the adjacent canopy (Birnbaum 2001; Ishii et al. 2004 ). Canopy closure decreases through the same processes, although subsequent regeneration and branch growth moderate this trend. The 95th percentile height increases with age, constrained by species present, site productivity, and trunk breakage. The correlation between rumple and wavelet variance at scales <30 m (R = 0.86), rumple and patch diversity as measured by IJI (R = 0.83), and SD rumple and wavelet variance at scales >30 m (R = 0.67) (Table 2) suggests that rumple integrates height variations across multiple scales and is sensitive to the diversity of patch structure. Similarly, the correlation between canopy closure and gap area (R = 0.88) suggests that the LiDAR closure metric primarily measured gap presence. . Median and ranges for 95th percentile height, rumple (canopy rugosity), and closure LiDAR metrics, patch count metrics, and wavelet variance structural complexity metrics by structural class (1-6) identified in this study. The line within each box shows the median and the upper and lower box boundaries show the 75th and 25th percentiles, respectively. The error bars above and below the box show the 90th and 10th percentiles. Circles show outliers. Numbers within parentheses identify statistically indistinguishable groups of classes for each metric (Tukey's HSD, P ≤ 0.05).
(1,2,4)(3,4)(3,6)(5,6) Forest structural class Spatial assessment of gap and patch arrangement: landscape analysis Patches are areas within which structure is similar and where structure differs from the surrounding forest (Forman 1995) . Previous work has shown that airborne LiDAR data can be used to identify patches within canopies (Koukoulas and Blackburn 2004; Vepakomma et al. 2008; Vehmas et al. 2011) . These studies have included analysis of gap structure across multiple tropical forests (Kellner and Asner 2009 ) and rates of gap formation and closure (Vepakomma et al. 2011) .
Field-based gap studies generally identify two patch types: full gaps and the surrounding matrix of closed canopy forest (Runkle 1982) . Some studies used height cutoffs of 15-20 m to define gaps to include patches with young regeneration (Runkle 1992) . Using LiDAR's ability to differentiate among canopy heights (which is difficult to do in ground-based studies), we extended this latter approach to identify three patch types relative to the maximum CSM height for each site in addition to full gaps. We interpreted upper layer patches as undisturbed or minimally disturbed canopy representing the initial tree cohort, middle layer patches as advanced regeneration resulting from past disturbances, and lower layer and gap patches as sites of recent disturbance that differed in the height of regeneration. These interpretations are consistent with common stand development models. On the other hand, interpretation of these strata must be considered in the context of forest age and species composition. For example, middle layer patches can also represent areas with tree top breakage, which was widespread only in the two 680 year old sites.
Gap patches covered a small fraction of all primary forest sites (3.2%) (Fig. 11 ) in our study, while other researchers have reported gap areas of 13%-18% for primary forests in the Pacific Northwest (Spies et al. 1990; Lertzman et al. 1996) . The lower gap area in our study could be related to our methods for identifying a gap patch in which each 9 m 2 square CSM could have no LiDAR return at >3 m. The Li-DAR canopy closure metric may be a better measure of gap area over larger areas than identifying gaps from the CSM. The area that this LiDAR metric detected as open canopy for primary sites (15.2%) was similar to the area in gaps reported by previous studies. CSM height measurements and canopy closure, however, are complimentary measures. CSMs measure the height of the canopy surface and can be computed with a single LiDAR return per grid cell. Canopy closure does not measure the height at which canopy material is found and is computed as a proportion requiring calculation over larger grid cells representing many returns.
Previous work had reported negative exponential distributions of gap sizes for a wide range of forest types subject to chronic small-scale disturbances (Kellner and Asner 2009) . We found a similar distribution of gap sizes (Fig. 10) . This was consistent with the observations that gap dynamics in our study region predominately results from chronic, smallscale disturbances that each cause the death of one to a handful of trees (Lertzman et al. 1996; Lutz and Halpern 2006) . It should be noted that the distribution of gap sizes likely does not strictly record the areal extent of each event, since gaps frequently grow as the result of sequential disturbances (Lertzman et al. 1996) . Smaller gaps are also likely to fill in more quickly than larger gaps. Wind disturbances covering Table 2 . Pearson correlations between LiDAR metrics (canopy closure, 95th percentile height, and rumple (rugosity), patch landscape metrics (patch count, patch size, and patch area for gaps and lower, middle, and upper third canopy surface area), and wavelet variance summed for two ranges of scales. 
Note:
Metrics computed for the ninety-five 9 ha study sites. Standard deviation computed for grid cells within sites, not between sites. Only significant correlations (P < 0.05) are shown and all correlations are significant at P < 0.01 except as noted. Correlations greater than the absolute value of 0.7 are underlined for emphasis.
*Correlation is significant at the 0.05 level; all other correlations shown are significant at the 0.01 level. Fig. 7 . Principal components analysis of ninty-five 9 ha study sites using mean and standard deviation of 95th percentile height, rumple, and closure LiDAR metrics. Sites are identified by structural class (1-6) identified in this study and a suffix indicating primary (P) or secondary (S) forest. The two 680 year old sites are designated with an OG suffix. Asterisks indicate sites from each class selected to illustrate differences between classes in Figs. 3, 9, and 12.
Classes and age groups . Median and distribution of study sites grouped by structural classes (1-6) identified in this study and primary (P) >220 years old and secondary (S) ≤91 years old age ranges. Elevation ranges for forest zones are shown. The line within each box shows the median and the upper and lower box boundaries show the 75th and 25th percentiles, respectively. The error bars above and below the box show the 90th and 10th percentiles. Circles show outliers. Numbers within parentheses show statistically significant groupings of classes (Tukey's HSD P ≤ 0.05). Class 6P was distinct from class 4P based on elevation at P = 0.05.
several hectares have been recorded within our study region (Sinton et al. 2000) . However, these large gap-creation events appear to be rare, on the order of every few centuries at any single location (Sinton et al. 2000; Winter et al. 2002) . The rarity of gaps >500 m 2 in our data set (Fig. 10 ) supports this conclusion. Fine-scale patch mosaics are a defining attribute of oldgrowth forests (Shugart 1984; Spies 1997; Franklin and Van Pelt 2004) . Hence, quantitative differences between classes can be used to differentiate canopy structure as homogenous, matrix-patch, or patch mosaic landscapes (sensu Wiens 1995) . We first considered IJI values and the number of patches required to cover 80% and 90% of site area (Fig. 6 ) to assign our classes to Wiens' (1995) landscape types. Using these criteria, classes 2 and 3 were best described as homogenous canopies, classes 1, 4, and 5 as matrix-patch structure, and only class 6 as a patch mosaic (Fig. 11) . If rumple and wavelet values are also considered, class 5 also would be considered a patch mosaic with values similar to class 6. This latter division of sites reflects the division of sites reported by hierarchical clustering (Fig. 4) based on LiDAR metrics. However, it should be kept in mind that patch structure commonly varied across sites, and many sites were mixtures of these Wiens (1995) patch structures.
Spatial assessment of gap and patch arrangement: scales of variance
Wavelet variance for all sites was highest at the 10-15 m scales (Figs. 3 and 12) , consistent with differences in height among small clusters of trees or trees and adjacent small gaps. Bradshaw and Spies (1992) reported similar patterns of variance for gap structure in 43-275 year old stands in our study region. Smith and Urban (1988) predicted rapidly diminishing heterogeneity beyond the scale of tree clusters and small gaps based on their modeling. They found that while the actual development trajectory of an individual plot (0.01 ha) within their simulated 9 ha plot could not be predicted, variability between aggregates of plots at patch scales (>0.09-0.16 ha) was minimal. In their modeling, Smith and Urban (1988) applied the same stochastic mortality process across the entire model area. As a result, their modeling suggested uniformly distributed processes producing repeating patterns of tree clusters, gaps, and regeneration patches across stands.
We found that many sites in our study had high variance at scales of up to 75 m (9 ha sites) or 100-200 m (64 ha sites) (Figs. 3 and 12) , suggesting that disturbance processes were not uniformly distributed across our study areas in space or time. The high variability may be the interaction of stochastic events and the geomorphic template. For example, the locations of wind bursts may be random, but the spatial pattern of prevalent high winds is influenced by topography. The interaction of trees with the disturbance agent, on the other hand, is affected by edaphic conditions (rooting depth) and the unpredictable distribution of root rot. The combination of factors will lead to uneven distribution of disturbance effects, as indicated by high structural variance at larger spatial scales in our study sites. Zenner (2005) similarly found that variance within 1 ha plots peaked at scales of 10-15 m and plateaued or entered a gentle decline at scales of 31.6 m. In a 3.3 ha site, Winter et al. (2002) found three major disturbance events at >200 year intervals, resulting in shifting regeneration and release of subcanopy trees. They noted that heterogeneous dis- . Frequency distribution of gap patch sizes from all ninetyfive 9 ha study sites on log-log scales. Minimum gap size measured was 9 m 2 . Negative exponential distribution with exponent of -2.06 (adjusted R 2 = 0.98) reflects the frequency of small disturbances and rarity of larger disturbances.
tribution of disturbance should lead to the development of patch structure. This high variance at larger scales appears to be an emergent property that cannot be understood as a simple extrapolation of processes observed at smaller spatial scales.
Patterns across the chronosequence
Researchers have developed models of forest development for long-lived forests that relate aspects of stand structure, including patch structure, to stand development (e.g., Franklin et al. 2002) . Our previous work related canopy structure at the plot scale (0.09 ha) to commonly recognized stages of forest development (Kane et al. 2010a ). When we considered the 9500 grid cells (each also 0.09 ha) in our 9 ha study sites as separate samples (Fig. 5) , they covered the same range of structural conditions found by Kane et al. (2010a) . This study's quantitative delineation of patch structure extends our understanding of forest development to new scales of study. We were able to relate the patch structure in our 9 ha study sites to forest development stages (Oliver and Larson 1996; Spies 1997; Franklin et al. 2002) (Figs. 6 and 11 Our results suggest that forest types may influence patch structure in primary forests. For example, while classes 4 and 6 could not be distinguished statistically based on elevation, class 4 primary sites had the highest mean elevation (1252 m), consistent with the Mountain Hemlock Zone. Primary forests in this zone are characterized by low heights, dense canopies, and small gaps that result from deaths of individual trees from disturbance (Parish and Antos 2006) . This could account for class 4's characteristics that were similar to both the transition/maturation and patch mosaics stages of forest development. Patch mosaics in our region have been hypothesized to be associated with a distinct stage of forest development that typically develops 300 years after stand initiation . Our results generally fit these expectations, with class 1 composed of young sites <54 years old (mean = 44), class 2 90% composed of sites <91 years old, and classes 4-6 90% composed of primary sites (Fig. 8) . However, some older stands failed to develop the complex patch structure (primary stands in class 2), while a few young stands <100 years old had developed complex patch structures (secondary sites in class 4).
The class 3 sites in our study appear to have been stands in transition between low-complexity stands dominated by a single patch to stands with patch mosaics. This class had numerous sites both <91 years old and >220 years old, suggesting either that the age at which stands begin the transition can vary by over a century or that the duration of this phase can last for more than a century.
The time required for patch structural development appears to be highly variable and is likely uniquely linked to each site's establishment history, site productivity, tree species composition, and the experienced disturbance regime. Frelich and Reich's (1995) study of patch development across 57 years supports this hypothesis. Young stands initially were typically matrices of multihectare patches that over 57 years might remain relatively unchanged or become finescale mixtures of small patches. The stand development path experienced depended on the random occurrence and distribution of disturbances. Zenner (2004) also found that the relationship of site age with structural complexity depended on disturbance history. He found that stands hundreds of years old could have widely differing structural complexities, with disturbance history rather than age being the primary predictor of structural complexity.
Implications for forest management
The patterns of spatial heterogeneity that we observed have implications for both ecologically based forestry and forest restoration. Structural heterogeneity is connected with important ecological functions (Shugart et al. 2010 ) such as habitat, productivity, and biodiversity, but little guidance is available on the scales at which this structural variability in forest canopies occurs. Our results clearly indicate the range of spatial heterogeneity and emerging patterns in forests of the Pacific Northwest. Where managers seek to manage forests within the range of natural variability and disturbance regime (North and scale of many hectares may not have a natural analog in forests where small-scale disturbances predominantly determine stand structural development. The variability that we observed at scales up to multiple hectares would better be achieved by managing forest stands in a group-like pattern, creating the matrix-patch structure common in younger stands. Where on the other hand forest mangers aim to restore ecosystem functions by establishing structural variability similar to old-growth forests, large-scale structural heterogeneity at the hectare scale should be a primary objective. We observed the establishment of small-scale heterogeneity through disturbances in young second-growth forests (see also Lutz and Halpern 2006) , but the development of larger scale variability, in particular patch mosaic structures, appeared to be a pattern unique to old forests that was missing in second-growth stands. Finally, management that retains small-scale heterogeneity in canopy structure at the 15-30 m scale appears to have natural analogs in both young and old forests and should be incorporated in ecologically based forest management.
Conclusion
Researchers have observed that gaps and patches are fundamental units of forest organization in long-lived forests, and the theory of patch dynamics has provided a mechanism for understanding the dynamics of forest structure over time. Our data support the observation that patch structure proceeds through predictable stages. Following stand initiation, stands have complex patch structures (class 1) even though the sites in this stage in our study area had been replanted with the intention to produce uniform high-density stands. Following canopy closure, forest canopies become homogeneous and are dominated by one to a few spatially extensive patches of dense, low-rumple, and low-IJI patches (class 2). Over time periods that can span more than a century, sites develop canopies with vertical differentiation resulting in higher rumple but with few gaps (class 3). Disturbance eventually creates heterogeneous patch structures (classes 4-6). Differences in patch structure emerge from different combinations of structures at the gap and tree cluster scale (approximately our 30 m grid cell size) rather than from the development of canopy structures unique to different stand classes.
Our results raise the question as to what would be the appropriate scales from which to study stand structure or to plan silvicultural management to emulate natural disturbances. At the scale of individual 30 m grid cells, classes were distinct primarily on the basis of the proportion and arrangement of canopy structures and not on canopy structures unique to a class. Since our grid cells were similar in size to many field plots (0.09 ha) and identical to Landsat pixels, deducing the structure of a stand from a single or a few field plots or pixels could be problematic. The scale of measurements for stand structure could vary to match the patch structure. For our study area, structural variability in homogenous stands was captured at scales of <30 m, for matrix-patch stands at scales of ∼50 m, and for patch mosaic stands at scales of 100-200 m.
We conducted this study to address the question of how the processes of patch dynamics cumulatively structure forests. As expected, we found that the development of structural complexity and complex patch arrangement followed patterns predicted by established models of stand development. Two results surprised us. First, the rate at which stands develop gap and patch complexity varies tremendously between sites within the same watershed. Second, the high variance in patch-gap structure at larger scales appears to be an emergent property that is not a simple propagation of processes observed at smaller spatial scales. Future work can focus on the processes responsible for these results and further our understanding of how patch dynamics shapes forests.
